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Abstract The necessity to acquire large multidimen-
sional datasets, a basis for assignment of NMR resonances,
results in long data acquisition times during which sub-
stantial degradation of a protein sample might occur. Here
we propose a method applicable for such a protein for
automatic assignment of backbone resonances by direct
inspection of multidimensional NMR spectra. In order to
establish an optimal balance between completeness of
resonance assignment and losses of cross-peaks due to
dynamic processes/degradation of protein, assignment of
backbone resonances is set as a stirring criterion for
dynamically controlled targeted nonlinear NMR data
acquisition. The result is demonstrated with the 12 kDa
13C,15 N-labeled apo-form of heme chaperone protein
CcmE, where hydrolytic cleavage of 29 C-terminal amino
acids is detected. For this protein, 90 and 98% of manually
assignable resonances are automatically assigned within 10
and 40 h of nonlinear sampling of five 3D NMR spectra,
respectively, instead of 600 h needed to complete the full
time domain grid. In addition, resonances stemming from
degradation products are identified. This study indicates
that automatic resonance assignment might serve as a
guiding criterion for optimal run-time allocation of NMR
resources in applications to proteins prone to degradation.
Keywords MDD  Automatic resonance assignment 
Nonlinear data sampling  Targeted NMR data acquisition
Abbreviations
DSS 2,2-Dimethyl-2-silapentane-5-sulfonate, sodium
salt
NMR Nuclear magnetic resonance
RHP Relative hypothesis prioritization
MDD Multidimensional decomposition
NLS Nonlinear sampling
TA Targeted acquisition
Introduction
Resonance assignment is typically recognized as an
essential intermediate benchmark in NMR analysis of
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biomolecules with many downstream steps in 3D structure
reconstructions being automated (Nilges et al. 1997;
Herrmann et al. 2002a, b). The use of this benchmark as a
target for NMR data acquisition (Jaravine and Orekhov
2006) would result in a streamlined process greatly con-
tributing to the efficiency of NMR structure determination.
In the last few years several attempts at automating reso-
nance assignment demonstrated considerable progress
(Atreya et al. 2000, 2002; Tian et al. 2001; Pristovsek
et al. 2002; Coggins and Zhou 2003; Hitchens et al. 2003;
Jung and Zweckstetter 2004; Langmead and Donald 2004;
Eghbalnia et al. 2005a, b; Lin et al. 2005; Masse and
Keller 2005; Masse et al. 2006; Wu et al. 2005). In the
most favorable cases, sequence specific resonance assign-
ment and structural NOE assignment can be done in
parallel with structure calculations (Grishaev and Llinas
2004; Grishaev et al. 2005; Takeda et al. 2007). However,
despite the impressive efforts directed to this problem,
there is often still enough complexity left to require at least
some human assistance. This situation is further aggravated
when resonance assignment is set as a target for spectral
acquisition with less stable proteins that are prone to deg-
radation during measurement. In this case, not only the
spectrum analysis should be well advanced to deal with a
host of problems such as missing and spurious cross-peaks,
wide amplitude variation of the detectable resonances (e.g.,
due to dynamic line broadening), raise of signals from
degradation products, but fast data acquisition methods
might be essential.
Recently several accelerated acquisition schemes of
multidimensional NMR spectra were developed, which can
be used to control real-time data acquisition targeted to as
complete as possible assignment of NMR resonances. For
concentrated solutions of small- and medium-sized proteins
(data sampling limited cases), ‘‘projection reconstruction’’
was introduced (Kupce and Freeman 2004). Adaptive
selection of the tilt-angles was proposed helping to optimize
the time usage of spectrometer (Kupce and Freeman 2004;
Eghbalnia et al. 2005a, b; Hiller et al. 2005, 2007). A robust
scheme can be created by combining the basic features of
projection reconstruction and ‘‘fast’’ data acquisition
approaches, e.g., a spatially encoded (Frydman et al. 2003)
and relaxation-optimized approach (Pervushin et al. 2002),
fast pulsing techniques (Kupce and Freeman 2007), com-
bined for ‘‘ultrafast’’ spectroscopy (Schanda et al. 2005;
Gal et al. 2007; Mishkovsky et al. 2007).
The other reconstruction methods include the use of
G-matrix Fourier transform-NMR (Kim and Szyperski
2003) and J couplings networks (Atreya et al. 2007),
covariance spectroscopy of higher dimensions (Zhang and
Bru¨schweiler 2004; Snyder et al. 2007a, b), fast Fourier
transforms of non-equispaced data (Marion 2005), 2D
Fourier transformations of arbitrarily sampled NMR data
sets (Kazimierczuk et al. 2006a, b), filter diagonalization
methods (Mandelshtam et al. 1998, 2000; Armstrong et al.
2005), maximum entropy reconstructions (Rovnyak et al.
2004; Frueh et al. 2006), and multidimensional decompo-
sition algorithm (MDD) (Orekhov et al. 2001; Luan et al.
2005). Feedback looping of data acquisition and analysis
was conceptualized by introducing a targeted acquisition
(TA) scheme for real-time NMR spectroscopy (Jaravine
and Orekhov 2006). TA/MDD offers a possibility to
combine adaptive, non-regular data sampling in n-dimen-
sions with full (or partial) reconstruction of incompletely
sampled 3D spectra or hyper-dimensional spectra (Jaravine
et al. 2006, 2008), resulting in concurrent data accumula-
tion, processing, and monitoring of spectral quality.
In the current paper, novel methodological development
in the TA approach addresses problems of a protein system
featuring sample degradation and missing spin systems by
combining automated assignment and TA. We for the fist
time systematically explore limits of applicability and
robustness of such a combination. In the previous works on
automatic assignment (Masse and Keller 2005; Masse et al.
2006), TA (Jaravine and Orekhov 2006) and hyper
dimensionality (HD) (Jaravine et al. 2008) all studied
proteins were chemically homogeneous and not compro-
mised by degradation and presence of many minor peaks,
so that TA reached nearly 100% of the expected number of
peaks and assignment level (Jaravine et al. 2008), besides
they used a peak-list based assignment procedure (Bohm
et al. 2005). In the case of chemically degrading proteins
the expected scores are significantly lower, so that infor-
mation in abstracted 1D shapes obtained in HD (Jaravine
et al. 2008) might not be sufficient to resolve ensuing
ambiguities. In this paper for the first time full 3D spectra
reconstructed at each step of TA were automatically
interpreted, which might be a more robust approach in
difficult cases. This task required developing an entirely
new algorithm containing its own logic inference engine
and tools for direct spectrum analysis in full 3D. Critical
novelty is to use a hypothesis driven recursive construction
of spin systems (chemical shifts of connected spins) by
direct evaluation of higher order hypotheses (spin system
identification or assignment) against spectral intensities as
opposed to simple cataloging of spectral maxima for later
processing opening a way to dynamically reschedule the
data sampling scheme, which was not achieved in our
previous work on HD (Jaravine et al. 2008). As a test
system, we selected the medium-sized 15 N- and 13C-
labeled protein Cytochrom-c maturation protein E, a heme
chaperone in its diamagnetic apo form (Enggist et al. 2002)
rapidly degrading on time scales needed to perform 3D
NMR experiments.
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Materials and methods
NMR sample preparation
Apo-CcmE-H6 (residues 30–159) was expressed and
purified as described (Enggist et al. 2002). The sample was
dialyzed against 300 mM NaCl, 50 mM sodium phosphate,
pH 7.2, and was subsequently concentrated to 0.5 mM.
After 1-week incubation at 45C, MALDI-TOF spectra
showed essentially complete removal of the structurally
flexible C-terminal fragment (residues 131–159) and
presence of short peptides as degradation products mani-
fested as additional small cross-peaks in the [1H–15 N]
HSQC spectrum. Thus, in the course of time typical for
NMR measurements, the protein exhibited (1) small devi-
ation of chemical shifts in apo-CcmE (L30–H130) lacking
C-terminus in comparison to the full length construct, (2)
broadening beyond detection of a set of resonances located
primarily in loop regions, and (3) emergence of additional
cross-peaks due to degradation. This sample was judged as
a suitable model for automatic resonance assignment of a
protein on the background of emerging artifacts (e.g.,
degradation products and missing cross-peaks) typically
encountered in real protein samples.
NMR measurements and MDD reconstruction of 3D
spectra
NMR experiments with full length apo-CcmE were per-
formed at 20C on a Bruker Avance 600 MHz
spectrometer equipped with a cryogenic probe, while
experiments with apo-CcmE (L30–H130) were performed
on a Varian Inova 600 MHz spectrometer using the TA
approach featuring incremental non-uniform sampling
(INUS) (Jaravine and Orekhov 2006) (see details in
Table 1). A quarter (for HNCACB, HN(CA)CO, and
ct-HNCA) or 11% (for HNCO and HN(CO)CA) of the
points in the regular grid were sampled using the INUS
schedule (Jaravine and Orekhov 2006). The time domain
data was converted into the nmrPipe (Delaglio et al. 1995)
format and the directly detected dimension was processed
in the conventional way. In the indirectly acquired
dimensions (t1 and t2), NMR data were processed using
R-MDD (Jaravine et al. 2006) as is implemented in the
MDDnmr (Tugarinov et al. 2005) program and inspected
using CARA (www.nmr.ch). The 1H chemical shifts were
referenced to the DSS (sodium 2,2-dimethyl-2-silapentane-
5-sulfonate) signal at 0 ppm and the 13C and 15 N chemical
shifts were referenced indirectly using the 15 N/1H and
13C/1H gyromagnetic ratios.
Psyte and AutoLink II analysis
We introduce Psyte, a new module of the program Auto-
Link II, to work with the semi-automated resonance
assignment program CARA. A schematic diagram and
description of the algorithm are provided in Supporting
Information. In brief, Psyte is developed for the recognition
of spin systems within multidimensional NMR spectra. The
module combines expert knowledge, systematic rules, and
competition-based (non-monotonic) decision-making pro-
cesses in order to group chemical shifts extracted from
spectra into spin systems. As with our previous programs
[AutoLink (Masse and Keller 2005) and SideLink (Masse
et al. 2006)], Psyte’s algorithm is designed to do human-
like reasoning in order to achieve its goal, as illustrated in
the schematic diagram of the algorithm (Supplementary
Figure 11). Psyte resolves spectral overlap by deconvolu-
tion of peak models derived directly from the NMR
spectra, but does not require any well-resolved peak to
derive its models as is implemented in XEASY (Bartels
et al. 1995). Additionally, Psyte cross-compares spectra in
order to validate decisions made on an individual spectrum.
The generated spin system grouping hypotheses are veri-
fied by establishing recursion loops to the spectral
intensities. Psyte successfully removes most spectral arti-
facts. The program’s artifact detectors can be divided into
two main categories, specific and non-specific. Specific
artifact recognizers are designed to identify artifacts of a
known type (e.g., due to truncation of time-domain signal,
presence of strong solvent resonance etc.). The non-specific
artifact detectors recognize artifacts by comparing the
Table 1 Multidimensional decomposition algorithm reconstruction of a set of 3D spectra with non-uniform sampling of the time-domain signal
Spectrum Acq. time, h Spectral width
in x1(
13C), Hz
Spectral width
in x2(
15 N), Hz
Number of points in regular grid
Total: 40 t1(
13C) t2(
15 N)
HNCO 5 (11%)a 2,100 2,500 120 60
HN(CO)CA 5 (11%) 4,527 2,500 90 60
ct-HNCA 10 (25%) 4,527 2,500 120 60
HN(CA)CO 10 (25%) 2,100 2,500 120 60
HNCACB 10 (25%) 12,071 2,500 120 60
a In brackets is percent of the full acquisition time needed to sample the complete regular grid
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observed peaks against the program’s ‘‘expert knowledge’’
of what the spectra are supposed to look like. These non-
specific artifact recognizers rate NMR spectra according to
Psyte’s cognitive understanding of what their data and
artifact content are and adjust the spectrum interpretation
accordingly.
Due to the fact that the results of its analysis are spin
systems rather than purely ungrouped peaks, Psyte’s output
is served as input for the downstream resonance assignment
programs like AutoLink II and SideLink. For the most dif-
ficult cases, Psyte has been designed such that it can work
iteratively with a user and account for user modifications to
the CARA repository, so that a spectroscopist can help the
program in its analysis if cases are found where the pro-
gram is prone to error.
Results
Targeted time domain data acquisition and MDD
reconstruction
An apo form of medium-sized protein apo-CcmE (L30–
H130) (Enggist et al. 2002) was used in course of the
analysis. Figure 1 shows a fingerprint 2D [1H–15 N]-pro-
jection of 3D HNCO spectrum, where assigned cross-peaks
as well as missing and spurious cross-peaks are indicated.
Five triple resonance spectra typically employed for
backbone resonance assignment were measured using
INUS schemes (Jaravine and Orekhov 2006) with maxi-
mum numbers of sampled t1 and t2 hyper-complex time
domain points in 3D spectra reaching 11 or 25% of the
regular grid (see Table 1). In order to simulate run-time
progression in acquisition of NMR signal, MDD recon-
structions were performed using selected quartets of 1D
FIDs representing hyper-complex data points in t1 and t2
extracted in accordance with an INUS schedule (Jaravine
and Orekhov 2006) from the prerecorded 25 and 11%
sampled INUS datasets. Therefore, we obtained 16 time-
snapshots of the complete dataset available at 1.5, 3, 4.5 h,
etc. after the start of acquisition. Figure 2 shows the
numbers of cross-peaks identified in the individual MDD-
reconstructed spectra in the set as a function of the pro-
gressively sampled grid. Direct inspection shows that
HNCO and HN(CO)CA experiments have reached the
targeted numbers of cross-peaks after sampling of ca. 8%
of the grid, and hence, can be dropped from the acquisition
schedule, dedicating the spectrometer resources to other
more demanding experiments.
At a closer look into the resolution and sensitivity of the
resonance peaks in the 13C-dimension of the MDD-
reconstructed spectra, resonances of residue E105 exhib-
iting typical signal amplitudes in HNCACB, HN(CA)CO,
and HNCO spectra are shown in Fig. 3. As is expected in
MDD reconstruction, the peak position and the line-width
remained constant with the progression of data sampling,
while gradual gain of spectral sensitivity occurred as the
sampling level increased; however, a certain minimal
percentage of data sampling is required for a given reso-
nance peak to appear in the spectra.
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Fig. 1 (a) [1H–15 N]-projection of the 3D HNCO spectrum recon-
structed from 11% of time domain data (see Table 1). (b) Inset of a.
All cross-peaks are marked by blue crosses, while those that are
present in the reference HSQC spectrum but are not detected in the
MDD-reconstructed spectra are indicated by magenta italics. Resi-
dues for which ambiguous assignment is found are indicated by
asterisk. Cross-peaks due to degradation products are marked by
‘‘caret symbol’’
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Automatic determination of spin systems
In the first step, Psyte groups resonances detected in a set
of 3D heteronuclear spectra into spin systems. Due to
complexity inherent to multidimensional spectra recon-
structed from sparse data, the spin systems obtained do not
always correspond exactly to those typically identified by a
spectroscopist. In the case of apo-CcmE (L30–H130), some
extra spin systems were created from ambiguous regions in
the spectra that contain only artifact resonances, and they
were generally deficient in the relevant spins. Nonetheless,
these spurious spin systems had rarely been assigned to the
amino acid sequence by downstream logic in AutoLink II,
owing to their low link hypothesis scores and competition
with link hypotheses involving only real spin systems.
The amount of information directed to AutoLink II for
residue specific assignment in the form of created spin
systems from different combinations of MDD-recon-
structed spectra is shown in Fig. 4. Progressively sampled
spectra, according to the corresponding level of time
domain data sampling shown in Fig. 3, were assembled in
13 sets forming three groups. Inspection of the identified
spin systems in the first group (sets 1–6) indicates that for
all reasonably high levels of data sampling, the numbers of
created spin systems remain approximately constant
(between 90 and 110) with the tendency of abstracting
more spin systems from better sampled spectra. The fact
that more noisy spectra do not result in higher numbers of
created spin systems indicates high tolerance of Psyte
algorithm to the presence of noise and spectral artifacts. It
should be noted that at the very low level of spectral
sampling represented in set 6 (i.e., 3.1% for HNCACB,
HN(CA)CO, and ct-HNCA; 1.4% for HNCO and
HN(CO)CA), significantly higher numbers of spin systems
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Fig. 2 (a) The numbers of cross-peaks identified in the MDD-
reconstructed 3D spectra versus fraction of sampled time domain in
two indirectly detected dimensions using INUS scheme. In this
representation, the 100% corresponds to the number of sampled
points spanning the full regular grid (Table 1). (b) The precision of
identified cross-peak positions versus fraction of sampled time
domain
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Fig. 3 1D traces along the 13C-dimension of (a) HNCACB, (b)
HN(CA)CO, and (c) HNCO spectra taken at d15 N = 122.69 ppm
and d1H = 8.54 ppm (residue E105) at variable percentage of
sampled time domain relative to the full grid. The arrow in (b)
indicates the position of inter-residual cross-peak still absent in
HN(CA)CO spectrum sampled at 25% of the full grid
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can be picked with reduced amount of Ca/Ca-1, and C0
spins. We identified the generally reduced S/N ratio in
HN(CA)CO spectrum as the cause for this behavior of the
algorithm. A selective increase in the sampling level of only
this spectrum (e.g., in set 5) drives the numbers of identified
spins and spin systems closer to optimum found in sets 1–3.
Therefore, besides reaching a minimal sampling level for all
spectra (ca. above 6%), some individual spectra with low
sensitivity must be preferentially sampled for larger pro-
portion of time domain data, in order to remove or alleviate
spin system abstraction ‘‘bottlenecks.’’ Based on this
observation, a readjustment of the general sampling scheme
can be performed (see Sect. ’’Discussion’’).
Residue specific resonances assignment
Residue specific assignment was achieved by AutoLink II
using the amino acid sequence of apo-CcmE (L30–H130)
and the spin systems identified by Psyte as the input to the
automatic assignment module, as described earlier (Masse
and Keller 2005). Due to the critical dependence of the spin
system identification algorithm implemented in Psyte on
variation of the local spectral noise (appearing in clusters
and bands in MDD reconstructions, see Supplementary
Figure 7) as well as the order of generated hypothesis on
the spin system groupings, slightly different lists of spin
systems were generated even for small variation of control
parameters. This variability of spin system determination is
subsequently propagated to variations in residue specific
assignment (Fig. 5), which are typically found for residues
with low spectral S/N ratio such as residues L36 and R73.
For instance, different chemical shifts were assigned to the
same spin, to variable extent between different spins.
Therefore, several lists of spin systems were generated
using the same set of spectra followed by the residue
specific assignment attempt. In Fig. 5, two of such
assignment attempts designated as SL1 and SL2 are shown.
The discrepancies in the assignment between the two (or
more) spin systems lists helped to isolate problematic
residues and regions in the spectra, thus allowing us to
either spot the wrong assignments (e.g., R59), or assign
more residues after manually inspecting the relevant spin
systems and cross-peaks in the spectra (e.g., D35).
AutoLink II provides a graphical output of assigned res-
idues as well as statistics associated with the quality of
assignment as described previously (Masse and Keller
2005). Figure 5 shows the sequence fit score of the auto-
matically achieved assignment. Almost all assigned
chemical shifts score higher than 0.80 due to generally good
spectral S/N ratio. Even though the wrong assignments in
this instance could be identified by their low sequence fit
scores, such measure was not employed as much more
ambiguity arose for the sets of spectra with lower levels of
data sampling. Apparently, the chemical shift of Ca-1 of
G108 assigned by Psyte in SL1 was slightly off-center, and
hence, it did not match well with that of Ca of Q107.
Nonetheless, the assignment was judged correctly by Aut-
oLink II as it did not violate the overall assignment result.
Similarly, owing to inaccurate chemical shifts, R59 was
wrongly assigned to a spin system containing the cross-peak
marked by ‘‘#’’ in Fig. 1. In general, assignment of spectral
features due to MDD reconstruction artifacts to the amino
acid sequence was never observed. Furthermore, resonances
due to degradation products (Fig. 1) were also not assigned
by AutoLink II. Although the assignment of D35, R73, and
D74 was problematic as the resonances of L36 and R73 had
been broadened to great extent (Fig. 1), yet they were
correctly assigned.
The capability of AutoLink II to assign R73 and D74
from set 1 illustrates the robustness of the algorithm as well
as the implementation of TA on multiple spectra, in dealing
with seriously broadened resonances and degenerated
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Fig. 4 The numbers of spin systems (horizontal bars) and the
numbers of the respective spins (colored lines) identified in 13 sets of
MDD-reconstructed 3D spectra. The percentage of data sampling of
each individual spectrum in the set is indicated by vertical full bars.
In set 1, the full bars correspond to HNCACB (25%), ct-HNCA
(25%), HN(CO)CA (11%), HN(CA)CO (25%), and HNCO (11%). In
set 10, 148 spins systems are determined. Set 5 marked by asterisk
contains HNCO sampled at 2.8% and HN(CA)CO sampled at 25% of
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chemical shifts. The identity of the degenerated Ca and
Ca - 1 resonances of R73 could be deduced from the
HNCACB and HN(CO)CA spectra, even though the reso-
nances had disappeared completely in the ct-HNCA
spectrum (Supplementary Figure 8a, b). Similarly, the C0
and C0 - 1 resonances of R73 were completely lost in the
HN(CA)CO spectrum (Supplementary Figure 8c). How-
ever, the assignment of both R73 and D74 was still possible
in SL2 even without the Ca connectivity and the C0
chemical shift of R73, as it did not violate the overall
assignment result.
Discussion
We developed a method of automatic resonance assign-
ment process with our new software Psyte/AutoLink II to
handle specific problems arising in real-time automatic
analysis of NMR data (Fiorito et al. 2006). The complexity
of the problem has been effectively reduced by the intro-
duction of two levels of analysis. First, Psyte sorts out
variations of chemical shifts among the 3D spectra and
determines a single representative spin system list. At the
second level, Autolink II attempts assignment of backbone
resonances simultaneously identifying spin systems that
may arise from artifacts and degradation products. In order
to systematically explore limits of applicability and
robustness of such a combination as well as for the purpose
of establishing an optimal schedule of data acquisition, this
method was applied to the apo form of medium-sized
protein apo-CcmE (L30–H130), of which exhaustively
analyzed multidimensional NMR spectra and 3D structure
are available (Enggist et al. 2002). We find this protein a
relevant model since the NMR spectra of this protein, in
addition to a set of resonances stemming from the struc-
turally defined core, feature signals from identifiable
degradation products as well as resonances broadened by
conformational exchange located in loops and flanking
regions. Overall, 83 1H–15 N cross-peaks were identified as
assignable (among which five exhibiting significantly
reduced intensity), 11 were assigned to polypeptidic deg-
radation products showing reduced intensity in all
connected spin systems and 13 backbone resonances were
broadened beyond detection (Fig. 1). We demonstrated that
in the absence of human intervention and with the use of
the optimal spectrum sampling scheme, 95% of the
assignable resonances can be stably assigned.
Previously the number of cross-peaks picked from
reconstructed spectra was set as target for data acquisition
(Jaravine and Orekhov 2006). This acquisition termination
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Table 1. The AutoLink sequence fit score (adapted from Masse and
Keller 2005) of individual residue is represented by the following
color scheme: blue (0.81–1.00), green (0.71–0.80), yellow (0.61–
0.70), and red (0.60 and below). Cross (X) represents wrong
assignment as compared to the reference (manual) assignment
(adapted from Enggist et al. 2002). The asterisk indicates discrepancy
in resonance assignment between SL1 and SL2 (e.g., R59 and D35).
After manual inspection of identified spin systems in Psyte output,
these discrepancies can be resolved resulting in the final accurate
assignment colored turquoise. The numbers of inter-residue matches
of Ca-1/Ca, Cb-1/Cb, and C0 - 1/C0 chemical shifts are listed below
the amino acid sequence representing the availability of connectivity
information within the assigned spin systems in SL1 and SL2.
Residues in magenta italics are designated as ‘‘not-assignable’’, due
to fact that they are either proline residues or the corresponding cross-
peaks are broadened beyond detection in all MDD-reconstructed 3D
spectra
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criterion is shown to be sufficient for chemically stable
proteins with homogenous distribution of cross-peak
intensities throughout the amino acid sequence. However,
the application of a spectrum-wide global noise threshold
(as it is implemented in most standard peak-pickers) on
spectra from degrading proteins might result in missing
assignments, especially at lower sampling levels. This is
due to the presence of low intensity resonances stemming
from dynamic regions of protein, which could be missed by
threshold filtering, as well as the presence of low molecular
weight degradation products giving rise to spurious cross-
peaks. In addition, the noise in the MDD-reconstructed
spectra is not anymore uniformly distributed throughout
the spectrum, but rather appears in bands centered at 1H
and 15 N resonances along indirectly detected dimensions
(Supplementary Figure 7). On this basis, an appropriate
estimate of the spectrum-wide threshold value becomes
difficult to obtain (see Supplementary Figure 9).
The critical novelty in our current approach is to replace
linear threshold-based peak picking with hypothesis-driven
recursive construction of spin systems. We note that the use
of previous implementations of AutoLink required manual
grouping of peaks from several peak-lists into a single list
of spin systems, which is deemed impossible in a real-time
data acquisition. In essence, reliable and complete identi-
fication of cross-peaks requires a priori knowledge of
expected signals together with extensive noise filtering
procedures implemented in the module Psyte. This obser-
vation led us to conclude that simple abstraction of
complex spectrum to a list of cross-peaks might suffer from
inherent inability to correctly decompose peak clusters in
the absence of higher order analysis information (e.g.,
recursion from assignment/structure levels) (Supplemen-
tary Figure 10).
Feasibility of real-time TA scheme applicable to pro-
teins prone to degradation was tested off-line by attempting
automatic resonance assignment using pre-recorded and
MDD-reconstructed spectra at various percentages of
sampled time domain grid (sets 1–13 in Figs. 4, 6). This
method was used to explore robustness of the process
(Bootstrap approach) and to define how much data is
needed to reach the target as it allows to consider many
scenarios, which otherwise would require real-time
recording of all of them, which is technically hard taking
into account fast degradation of the protein sample. After a
suitable schedule of acquisition and assignment has been
established, we simulated real-time coupling. The results
show that the real-time control is computationally feasible
with metric time needed to reconstruct the corresponding
3D spectra using a Linux station equipped with four CPUs
always not exceeding about half of NMR spectrometer
acquisition time needed to partially and simultaneously
sample the five 3D spectra. Every assignment attempt takes
between 1 and 2 h depending on the convergence proper-
ties of the current problem, and typically runs in parallel
with MDD reconstructions, each on a separate CPU node.
Contribution of individual spectrum to the overall
assignment result was investigated by fixing the level of
data sampling for HNCACB, ct-HNCA, and HN(CO)CA
spectra, while reducing that for HNCO and HN(CA)CO
spectra progressively, and vice versa. The group with fixed
levels of data sampling for HNCO and HN(CA)CO spectra
clearly outperformed the other group (i.e., set 7, 8, and 9).
This indicates that the percentage of data from which
HNCO and HN(CA)CO spectra were reconstructed could
be restricting the completeness of assignment, and hence,
representing the assignment ‘‘bottleneck.’’ In fact, the most
significant limiting factor in our results was the quality of
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Fig. 6 The numbers of consistently assigned residues (blue), the
maximum numbers of wrong assignments (red), and the total numbers
of assigned residues after manual inspection of identified spin systems
in Psyte output (turquoise) achieved in 13 sets of MDD-reconstructed
spectra at various levels of data sampling (as in Fig. 4). Set 5 marked
by asterisk contains HNCO spectrum sampled at 2.8% and
HN(CA)CO spectrum sampled at 25% of the full grid. For set 6
marked by ‘‘caret symbol’’, no correct assignment is achieved
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the HN(CA)CO spectrum involved – a case which can be
justified by comparing set 4 and 5 (Fig. 6). On the other
hand, the low sensitivity of ct-HNCA spectrum can be
complemented by connectivities supplied by HNCACB
spectrum.
Conclusion
Here we tested computational feasibility of a real time
assignment of backbone resonances of a protein prone to
degradation in a time scale of 3D NMR experiments. We
propose a possibility of real-time TA with automated res-
onance assignment devoid of spectroscopist intervention
(or at best very minor) set as the target based on the off-line
analysis of prerecorded data. This method is used to
explore robustness of the process (a bootstrap approach)
and to define how much data is needed to reach the target
as it allows considering many scenarios. The approach of
automatic resonance assignment based on fast nonlinearly
sampled and MDD-reconstructed set of simultaneously
acquired spectra might represent a viable strategy in
structural NMR studies of rapidly degrading biological
molecules. Our method provides a flexible criterion to
optimally allocate NMR resources, completeness and
accuracy of achievable assignment as well as the level of
protein degradation. Since degradation of protein material
might limit the propagation of spectral S/N ratio with the
overall NMR time invested, devising optimal strategies to
guide acquisition represents a new and important avenue in
the field of automation of NMR structure determination.
The setup of INUS sampling of 3D triple resonance
spectra is available on a web-based platform for dynamic
generation and share of NMR experiments at
http://www.trosy.com/nex. The program AutoLink II is
accessible at http://www.autolink.nmr-software.org. The
program MDDnmr is available by a direct request to the
authors (Vladislav Orekhov. and Victor Jaravine).
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